Abstract: Fires are common in rangelands, and after a century of suppression, the potential exists for fires to burn with high intensity and severity. In addition, the ability of fires to affect long-term changes in rangelands is substantial; therefore, the assessment of fire severity following a burn is critical. These assessments are typically conducted following Burned Area Emergency Response team (or similar) protocols; the resulting data can be utilized to plan future land uses and remediation efforts. For the purpose of supplementing these procedures and exploring fire severity modeling of sagebrush steppe rangelands, we compared fire severity models developed using (1) short-term post-fire imagery (i.e., imagery collected within 30 days of the fire) with (2) long-term post-fire imagery (i.e., imagery collected on or about the one-year anniversary date of the fire). The models were developed using Satellite Pour l'Observation de la Terre 5 (SPOT 5) imagery as well as Shuttle Radar Topography Mission (SRTM) elevation data, as well as Classification Tree Analysis (CTA). The results indicate that while anniversary date imagery can be used to assess fire severity (overall accuracy ~90%), it is not as accurate as short-term imagery (overall accuracy ~97%). Furthermore, use of short-term imagery allows remediation strategies to be crafted and implemented shortly after the fire. Therefore, we suggest that rangeland fire severity is best modeled using CTA with short-term imagery and field-based fire severity observations.
INTRODUCTION
Throughout the Intermountain West, fires are a common occurrence. Historic plant communities may be adapted to fire, but the frequency and intensity of today's wildfires differ from what occurred in the past (DeBano et al., 1998; Thoren and Mattsson, 2002) . After a period of less frequent fires due to concerted suppression efforts, fires in the Intermountain West are becoming more frequent than suggested by the historical record, and can be more intense in those areas where prolonged fire suppression has created fuel stockpiles (Pyne et al., 1996) . The change in frequency can be attributed to the conversion of sagebrush-grass communities to fire-promoting cheatgrass (Bromus tectorum L.)-dominated communities (Brooks et al., 2004) . The consequences of these differences are manifest in various impacts on forage production, wildlife habitat, rangeland health (Pyke et al., 2002) ; and potential soil erosion (Pierson et al., 2001; Finley, 2006; Moffet et al., 2007) .
The assessment of the effects of wildfires is important for the purpose of developing or modifying existing strategies designed to minimize threats to life/property and prevent unacceptable degradation of natural and cultural resources (U.S. Department of Interior, 2004; Sharon Paris, pers. comm., 2007) . However, because of the broad distribution and extent of wildfires in the Intermountain West, it is logistically difficult if not impossible for land managers to closely evaluate each fire. For these reasons, the application of remote sensing models that accurately and reliably classify fire severity may be useful (Lentile et al., 2006) .
A number of satellite remote sensing methods can be used to model fire severity (Garcia and Chuvieco, 2004) , although most have been designed for forested ecosystems (Turner et al., 1994; White et al., 1996; Patterson and Yool, 1998; Van Wagtendonk et al., 2004; Brewer et al., 2005; Epting et al., 2005) . Before 1999, an NDVI-based technique used to estimate biomass loss (and hence, fire severity) was the most widely used fire severity modeling method (Salvador et al., 2000; DiazDelgado et al., 2003; Flasse et al., 2004) . In 1999, the normalized burn ratio (NBR) technique was developed and has been widely applied and accepted across much of the Intermountain West Benson, 1999, 2006; Salvador et al., 2000) .
The differenced NBR (dNBR) is another form of the NBR model that estimates fire severity by comparing a pre-burn NBR model to a post-burn NBR model (Eq. 1). In the resulting model, the magnitude of change is normalized by the pre-burn spectral characteristics of the landscape Benson, 1999, 2004; Van Wagtendonk et al., 2004; Cocke et al., 2005) . The resulting values derived from the dNBR are indices in which larger numbers indicate a larger change relative to pre-burn conditions. DNBR = NBR pre-fire -NBR post-fire NBR =
where band 4 = Landsat band 4 (0.76-0.90 µm) and band 7 = Landsat band 7 (2.08-2.35 µm). Fraser and Li (2002) developed a fire severity model that was demonstrated to work well in the boreal forests of Canada. Their technique relies upon long-term imagery (i.e., anniversary date imagery) to assess the severity of fire and is based upon the concept that tree mortality is not always evident immediately after a fire, and that total tree mortality (including indirect mortality) 2 is best determined by examining the fire area a full growing season after the fire.
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Recent fire severity studies reported by Finley (2006) and Norton (2006) suggest the fire severity modeling techniques developed for forested ecosystems are not well suited to sagebrush-steppe ecosystems, and research by Weber et al. (2008) has demonstrated the application of classification tree analysis (CTA) for fire severity modeling of rangelands with favorable results. CTA is a non-probabilistic, non-parametric statistical technique that is well suited to modeling skewed, non-normal data and phenomena (Friedl and Brodley, 1997; Breiman et al., 1998; Lawrence and Wright, 2001; Miller and Franklin, 2001 ). The CTA algorithms select useful spectral and ancillary data that optimally reduce divergence in a response variable (Lawrence and Wright, 2001 ) such as fire severity observations. CTA uses machine-learning to perform binary recursive splitting operations and ultimately yields a classification tree diagram that is used in producing a model of the response variable. Among the splitting algorithms common to CTA are entropy, twoing, class probability, gain ratio, and Gini. Of these, entropy, gain ratio, and Gini are available within the Idrisi software used in this study. The entropy algorithm tends to over-split, thereby creating an unnecessarily complex tree (Zambon, et al., 2006) . The gain ratio algorithm addresses over-splitting through a normalization process, whereas the Gini algorithm attempts to partition the most homogeneous clusters first using a measure of impurity (McKay and Campbell, 1982; Zambon et al., 2006) . Additional splits are performed until no further segregation is possible. Based upon the results reported by Zambon (2006) , the particular splitting rule selected should not pose a substantial concern; however, the Gini algorithm was found most applicable to image classification.
The goal of this study is to compare a fire severity model derived using shortterm post-fire imagery with one derived from long-term (anniversary date) post-fire imagery. Specifically, we test which model better describes fire severity (the amount of fuel [e.g., vegetation and litter] removed within the fire perimeter) with respect to improving remediation processes and lowering costs.
METHODS

Study Area
Our study focuses upon a prescribed fire at the Hitching Post pasture of the U. S. Sheep Experiment Station (USSES) near Dubois, Idaho (Fig. 1) . The prescribed burn was begun September 14, 2005 and extinguished the following day (September 15). The fire boundary encompassed 2.44 km 2 within the Hitching Post pasture (112°7' W, 44°19' N).
3 Soils are mapped as complexes of Pyrenees (loamy-skeletal, mixed, superactive, frigid Typic Calcixerolls), Akbash (fine-loamy, mixed, superactive, frigid Calcic Pachic Argixerolls), and Maremma (fine-loamy, mixed, superactive, frigid Calcic Pachic Argixerolls ), soils on slopes less than 20 percent, but mostly 0 to 12 percent (NRCS, 1995) .
2 Indirect mortality refers to a situation in which a tree is made susceptible to insect infestation and/or disease due to fire. Over the past decade, management of this pasture has featured light, short-duration grazing with sheep and horses in spring and/or fall. The pasture was not grazed during 2.5-year period prior to the prescribed burn described above.
Field Sampling
Starting one week after the prescribed burn, we visited 277 randomly selected sample areas (60 × 60 m) to assess fire severity. We located these sample areas on the ground by navigating to the preselected area with a GPS receiver using real-time positioning. These positions were later (post-process) differentially corrected to achieve a horizontal positional accuracy of <1 m (Serr et al., 2006) . Although subjective, a fire severity rating (0 = unburned, no vegetation change; 1 = little vegetation/fuel burned; 2 = most of the vegetation burned; and 3 = burned (all vegetation considered completely burned) was assigned to each area visited, following methods modified from the combined work of U.S. Forest Service field methods (Bobbe et al., 2001 ), U.S. Park Service field methods (Switky, 2003) , and Benson's (1999, 2004) composite burn index (CBI). Groups one (n = 13) and two (n = 57) were later combined, as the 13 areas assigned to group one were insufficient for validation.
Some aspects of fire severity can be quantified, but classification of general severity has proven difficult. Classification of burn or fire severity, based on post-fire appearances of litter and soil (Ryan and Noste 1983) , is useful in placing severity within broadly defined, discrete classes, ranging from low to high. Hungerford (1996) developed a general burn severity classification for forest environments that relates burn severity to soil resource response and has three classes: low, moderate, and high. In rangeland ecosystems, however, the medium-and high-severity classes described by Hungerford merge, because there is not a large woody component and deep duff layer whose response to burning would differentiate the classes. Therefore, we opted for a simple classification of low or high severity, and as a result, three classes remained: 0 (unburned), 1 (low fire severity), and 2 (high fire severity). It was not an objective of this study to differentiate burned from unburned areas with remote sensing/image processing techniques, and for this reason all unburned sample areas (n = 9) were omitted from subsequent processing.
Image Processing
Post-fire Satellite Pour l'Observation de la Terre 5 (SPOT 5) imagery (10 m × 10 m pixels) was acquired for the USSES study site on September 28, 2005 (short-term post-fire imagery) and September 27, 2006 (long-term post-fire imagery). The imagery was georectified using 1 m National Agricultural Imagery Program orthophotography for the study area (RMSE = 3.48 and 4.71) using ArcGIS 9.1, and projected into Idaho Transverse Mercator (NAD 83) using a first-order affine transformation and nearest neighbor resampling. Imagery was corrected for atmospheric effects using the Cos(t) method in Idrisi (Chavez, 1996) . This method uses a dark-object subtraction model along with an estimate of atmospheric gases and Rayleigh scattering.
The normalized burn ratio (NBR), normalized difference vegetation index (NDVI), and biomass estimates (Mirik et al., 2005) were calculated within Idrisi Kilimanjaro using SPOT reflectance data. The biomass layer is a simple ratio-type vegetation index, in which reflectance values from the short-wave infrared region (band) are divided by reflectance values from the green band. While Mirik et al. (2005) demonstrated a strong empirical relationship (R 2 = 0.87) between this index and total rangeland biomass, the relationship of the biomass index and actual rangeland biomass was not performed as part of this study.
Topography layers (elevation, slope, and aspect) were assembled for use within the CTA process (Elumnoh and Shrestha, 2000) , as these variables can be key determinants of vegetation patterns and subsequently fire severity, especially in areas of steep terrain. Elevation data were acquired from the shuttle radar topography mission (SRTM) and resampled to 10 m to match the spatial resolution of the SPOT 5 imagery. Slope and aspect models were derived from these elevation data using Idrisi Kilimanjaro.
We rasterized the polygon shapefiles describing the fire perimeters and used the shapefiles as a mask for all raster data. Field observations were similarly masked and only those points falling inside the fire perimeter were used in the CTA. Masking was undertaken to help facilitate classification by prudently applying ancillary knowledge to better inform the classifier-a well-accepted technique referred to as "cluster busting" (Jensen, 1996; Hunter, 2004) . CTA was performed using the Gini splitting algorithm (Zambon et al., 2006) with five input images. The datasets contained near-infrared (NIR), NDVI, NBR, and biomass band-ratios, along with the slope layer. These layers were selected based upon performance results from previous work reported in Weber et al. (2008) .
In order to absorb georegistration error within the SPOT imagery (RMSE = 3.48 and 4.71) and ensure that correct and representative pixels were included in the analysis, all sample areas were buffered by 5 m (Weber, 2006) . The resulting layers were rasterized using ArcGIS 9.1 and subset into training and validation sites. A total of 385 training site pixels and 207 validation site pixels were created as a result. We performed CTA using these data with Idrisi Kilimanjaro.
The resulting fire severity models were compared using a full cross-classification/cross tabulation procedure in Idrisi. In addition, the Kappa Index of Agreement was used to describe how well each model result differed from a purely chance classification (Titus et al., 1984; Rosenfield and Fitzpatrick-Lins, 1986; Cartensen, 1987) .
RESULTS AND DISCUSSION
The CTA model we developed using the short-term post-fire imagery correctly identified all 186 high fire severity validation areas (n = 186, user accuracy = 100%). Similarly, the CTA model developed using long-term post-fire imagery correctly identified 179 of the 186 high fire severity validation areas (user accuracy = 93%). In both instances, NIR, NDVI, NBR, biomass, and slope layers were selected by the CTA algorithm, while all other input layers were omitted from the tree. This suggests that for accurate fire severity modeling, spectral data are more critical than topographic data.
User accuracy of the low fire severity area decreased from 66% using short-term imagery to 39% using long-term imagery (Table 1 ). In addition, the Kappa index of agreement similarly declined from 0.78 to 0.44, respectively. The confusion with the low fire severity class was most likely due to vegetation re-growth following the fire.
Field observations made during the summer of 2006 (n = 233) recorded over 100 sample points with 16-25% cover of grasses. In addition, nearly 100 sample points were recorded having 6-15% shrub cover, the majority of which was rabbitbrush (Chrysothamnus spp.) that established following the fire. Yet another factor affecting ground cover at the USSES was the presence of a large amount of forbs, primarily lupine. Ninety-six of 233 sample points had forb cover estimates (i.e., lupine) between 16 and 25%.
Cross-classification and cross-tabulation of these models showed 87.6% overall agreement, primarily due to the similarity in the way the two modeling results predicted high fire severity areas. This comparison further reinforced the disagreement regarding low fire severity areas. As mentioned above, a number of areas exhibited a relatively rapid re-growth of rabbitbrush and lupine, which accounts for the change from high severity fire in the short-term model to a low severity fire in the long-term model. In contrast, a less well understood change in classification was also brought to attention through the cross-tabulation procedure; nearly 16 ha (6%) of the study area changed from low fire severity (in the short-term model) to high fire severity in the long-term model (Fig. 2 and Table 2 ). Since field-based data corroborate the predictions of the short-term model better than the long-term model, one is left to speculate about what may have occurred in these areas during the year following the fire. 
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Analysis of 2006 field data and photo points offer a few possible explanations: While the mean bare ground cover class recorded in all areas considered low fire severity in the short-term model was 16-25% (n = 16), the mean shrub cover class in areas in agreement for low fire severity was 6-15%, whereas those areas in disagreement for low fire severity had a mean shrub cover of 1-5%. This may indicate that some of the areas within the perimeter of the fire recovered more slowly (which could be as much attributable to environmental factors as to the severity of the fire), although it must be remembered that this speculation is based upon only 16 field observations. Further post-fire sampling should be conducted to monitor the recovery of these areas and determine if any real differences truly exist. Based on the comparison of accuracies, Kappa statistic, and overall agreement between the modeling results, it seems clear that performing a fire severity assessment one year after a fire in sagebrush steppe rangelands yields little benefit for the land manager. While most high fire severity areas remain clearly distinguishable (further corroborating the accuracy of the short-term fire severity model) even one year post-fire, the benefit of having an accurate fire severity model to plan remediation efforts shortly after a fire offers numerous distinct advantages for land managers, such as starting remediation before winter while developing plans and collecting resources during the winter for early spring restoration activities. 
Assessment of Error and Bias
Models developed using CTA were able to classify high fire severity areas with good user accuracy (~100%). 4 However, achieving satisfactory results appears to be a function of adequate sample size for each class considered (low fire severity or high 4 See Figure 3 for a step-by-step approach and cartographic model of this technique. Fig. 3 . Cartographic model of the process followed to produce a fire severity model using classification tree analysis at the U.S. Sheep Experimental Station study site. fire severity). Initially, it may appear that a disproportionately large number of validation sites were used in high fire severity areas (n = 193, 92%; Table 1 ). However, as fire severity is primarily a function of the fire's behavior-which is closely tied to factors such as the amount and type of fuels and the weather during the fire (Pyne et al., 1996) -the proportion of high fire severity sites (used for both modeling and validation) agreed well with field observations in which 92% of the study area was recorded as high severity (Fig. 4) . Indeed, when the proportions of the random sampling locations were compared with proportions of fire severity areas, the results appear equitably distributed. 
Management Implications
Land managers who are tasked with assessing fire severity in rangelands and developing remediation plans within a short time of fire control cannot rely on field inspection to provide adequate coverage, especially for large fires. The use of easily obtained SPOT 5 satellite imagery, soon after the fire, combined with a moderate amount of field sampling will result in an accurate delineation of high severity burn areas where remediation efforts will need to be focused. The cost of obtaining the imagery will be recouped by the savings from reduced field time and the speed with which remediation plans of improved quality and accuracy can be developed.
CONCLUSIONS
Vegetation management in western rangelands following fire events should be based on pre-fire vegetation, post-fire weather conditions, soils, available resources (such as equipment, personnel, and seeds), as well as fire severity. Land managers, due to the large size and distribution of western fires, are confronted with an almost impossible task in attempting to ascertain fire severity within a time frame suitable for the preparation of remediation plans. However, by developing GIS layers that combine information on vegetation, climate, soils, and fire severity, researchers can facilitate the creation of predictive models for more effective development of remediation plans. The present paper has focused on the mapping of fire severity, which can be used as one of the layers within a GIS-based remediation and decision support model. Researchers using readily available post-fire SPOT 5 imagery can delineate high severity burn areas accurately, rapidly, and inexpensively.
